Abstract-This paper presents a new distributed smart charging strategy for grid integration of plug-in electric vehicles (PEVs). The main goal is to smooth the daily grid load profile while ensuring that each PEV has a desired state of charge level at the time of departure. Communication and computational overhead, and PEV user privacy are also considered during the development of the proposed strategy. It consists of two stages: 1) an offline process to estimate a reference operating power level based on the forecasted mobility energy demand and base loading profile, and 2) a real-time process to determine the charging power for each PEV so that the aggregated load tracks the reference loading level. Tests are carried out both on primary and secondary distribution networks for different heuristic charging scenarios and PEV penetration levels. Results are compared to that of the optimal solution and other state-of-the-art techniques in terms of variance and peak values, and shown to be competitive. Finally, a real vehicle test implementation is done using a commercial-ofthe-shelf charging station and an electric vehicle.
strategies imposes a nonuniform load profile resulting in undesired peak loads at off-peak hours due to the charging many PEVs simultaneously [6] .
The peak loads caused by PEV charging can be restrained either by unidirectional PEV charging management [4] , [6] or by discharging PEV batteries into the grid using vehicle-togrid (V2G) technology [7] , [8] . V2G requires special hardware allowing bidirectional power transfer, which is currently not available in the most of the market vehicles yet. Also, the lack of an established electric vehicle grid integration (EVGI) protocol and market agreement make it difficult to provide mass field deployment for V2G technology. On the other hand, unidirectional charging coordination can be realized with low-level control utilizing IEC 61851/SAE J1772 standards which are already applicable at market vehicles [9] , [10] . Therefore, coordinated unidirectional charging becomes prominent for large-scale penetration of PEVs into the grid in the near term.
Coordinated charging manages PEV charging loads effectively to mitigate largely undesirable impacts of high penetration of PEVs into the grid [4] , [5] . It enables a charging flexibility which can be used to provide grid services such as peak shaving [6] , valley filling [11] , and minimizing charging costs [12] . It can also be used to integrate higher share of intermittent renewable energy sources into the grid [13] . Centralized [13] , [14] and distributed (decentralized) [11] , [12] , [15] [16] [17] [18] charging strategies have been proposed in the literature. While charging profile for each PEV in the centralized strategy is managed by a central operator which aims to achieve an optimal aggregated charging goal, the distributed strategy allows each PEV to determine its own charging profile which may not always result in optimal aggregated charging regime [12] . However, distributed approach has gained more attraction in the literature because of its higher flexibility to the PEV user, higher reliability, and easier field implementation [11] , [12] , [15] [16] [17] [18] . On the other hand, better utility-grid coordination while considering PEV user convenience is still an undergoing research topic.
Most of the coordinated charging strategies assume rated charger power for charging the PEV batteries [11] , [15] [16] [17] , [19] . The strategy followed in these cases is to schedule the PEVs by considering the load profile and the energy demand of each PEV. However, the flexibility in scheduling the PEVs considerably decreases at low penetration levels which in turn results in a notable decrease in valley filling/peak shaving performance. On the other hand, coordinated charging strategies that assume variable rates can contribute more by considering the load profile and adjusting the charging rates accordingly for each PEV in real time. Furthermore, variable charging at integer current rates can be seamlessly implemented with the current EVGI technology. PEVs are capable of responding to any remote charging step change command in less than 10 s making them suitable for variable charging control with sample time as low as 1 min [20] .
Charging strategies with variable power rates can be exploited better for demand side management [21] when compared to charging at rated power. As such, the flexibility in charging power helps us to better match PEV charging loads with intermittent renewable generation [13] , [22] , as well as dynamic electricity prices for optimizing the charging cost [23] . The studies addressing the charging strategies with variable power rates [12] , [24] , [25] , assume a constant charging trajectory (reference line), which is tracked by the individual PEV charging algorithms. The main drawback of these studies is that the grid load profile and PEV mobility are assumed to be fundamentally deterministic. This is clearly not the case in practice, as the demand load and PEVs' mobility are stochastic. Also, the algorithms have extensive computations and broadcast messages that require bidirectional communication in each iteration between the grid and PEVs. This is a main barrier for their application in realtime environment. Moreover, the PEV penetration rates have definitely an impact on the valley-filling performance which has not been investigated in [12] and [24] . Therefore, coordinated charging strategies which can perform a flat aggregated load profile at different loading with various PEV mobility characteristics and penetration rates should be further researched.
This study contributes to the integration of PEVs into the distribution system by proposing a new distributed smart charging algorithm. The proposed algorithm reduces the peak loading on the distribution system, fills the night-valley as much as possible while ensuring the desired state of charge (SOC) level at departure time. In contrast to the charging at constant rated power proposed in [11] , [15] [16] [17] , charging process for each PEV is performed at variable power rates to achieve better valley filling performance. For this purpose, a new two-stage control approach is introduced. First, an offline process is followed to determine the charge reference based on the model of PEV users' travel behaviors and base load profile forecast. Second, a real-time operation is carried out with the distributed control approach. The algorithm not only provides a near-optimal aggregated load profile to minimize the variance of overall loading, but also utilizes the advantages of distributed strategy, i.e., retains PEV user private information and avoids the communication and computation overhead. The designed charging strategy requires only one message broadcasting between the grid and PEV at the time a PEV is connected to the grid. Furthermore, the calculation of charging power for each PEV is based on simple arithmetic operations without need to solve any optimization problem, which makes it suitable to be realized with an embedded system within the PEV. The proposed charging strategy is tested on real distribution, and upstream networks for different heuristic charging scenarios and PEV penetration rates. The performance of the algorithm is quantified in terms of variance and mean square error (MSE) metrics. Finally, the developed algorithm is implemented on a real electric vehicle utilizing IEC 61851 compatible charging station and charging plug. The rest of this paper is organized as follows. Section II introduces the system framework and modeling. Section III describes the optimal solution and the development of the distributed control algorithm. Case studies and experimental test implementation are presented in Sections IV and V, respectively. Finally, the main conclusion remarks are given in Section VI.
II. SYSTEM DESCRIPTION AND MODELING
In this study, system modeling is done in MATLAB through offline and time-based simulation environments. System architecture is demonstrated in Fig. 1 . The distribution grid is a three-phase, 400 V l-l, 1000-kVA test system where the individual residential loads are supplied with single-phase 230 V utility power source. The components of the system model are individually described in the below sections.
A. Transportation Mobility Modeling
To determine a reference loading level, which will be explained in Section III, the PEV users' travel behaviors should be modeled. The more we know about the home arrival/departure times and energy needs of PEVs, the more accurate the selected reference level will be. To the best of our knowledge, there is no available data on the driving patterns of vehicle owners in Turkey provided by Turkish Statistical Institute. Thus, the daily trip data of ten personal vehicle owners are collected for about a year to build a realistic mobility model for this study. These data belong to daily personal usage of management staff at Başkent DisCo, and it is collected using vehicle tracking devices [26] . Histograms of the collected data turns out to be quite similar to a Gaussian distribution with mean and standard deviations of (7h47, 0h23), (19h55, 1h40), and (39.5 km, 15.8 km) for home departure time, arrival time, and daily trip distance distributions, respectively. Five different PEVs listed in Table I are randomly selected in the model. The transportation model runs offline and generates SOC values for each PEV at the time of grid connection based on the model parameters.
B. Charging Station Model
Charging station (electric vehicle supply equipment-EVSE) model includes a user behavior model which is defined as follows:
1) Standard charging: PEV charges at rated on-board charging power when connected to the grid. No control over charging is possible. Charging ends when the PEV is fully charged.
2) Smart charging: PEV starts charging with a smart charging profile during the time when the system loading is below the reference value. Charging ends in the morning departure time with fully charged battery.
The EVSE communicates with the control center using a wireless/wired setup. Vehicle-station communication is employed through the low-level communication over the control pilot (CP). The amount of current thereby active power for battery charging is determined by the duty cycle ratio D of the CP which is a 1-kHz square-wave signal oscillating between +6 V and −12 V during charging as described in IEC 61851/ SAE J1772 [9] , [10] . This signal pin is available at every charging plug and vehicle inlet. As defined in the standards, a unidirectional charging control scenario can be applied by adjusting D as follows:
where I is the ac rms charger current (A). Based on (1), the minimum positive charging current I is 6 A, i.e., D = 10%, and I = 10 × 0.6 = 6 A.
C. On-Board Charger and Battery System Model
The PEV component models are developed to simulate the ac power exchange between the vehicle and the grid. It includes the following information for different vehicle vendors: on-board charger power rating (listed in Table I ), operating efficiency, implementation of constant-current (CC), and constant-voltage (CV) charging, and cell-based battery system design. On-board chargers are assumed to operate at a 90% efficiency with 1.0 power factor. A 24.8 Ah, 3.7 V nominal, baseline Li-ion battery cell is used to model the PEV batteries listed in Table I using various cell configurations to meet the nameplate battery energy capacity. Fig. 2 shows the model of the battery cell used in this study. This cell model can capture the impact of battery SOC calculation on the performance of the developed charging algorithm which is in the scale of minutes. Battery SOC is computed by measuring the current, thereby charge, entering and leaving the battery as follows: where Q o is the initial electric charge present before charging/discharging the battery (C), Q n is the nominal electric charge capacity of the battery (C), and i bt is the battery charging current (A). i bt can be either negative or positive depending on the current direction, i.e., in this study it is only positive. Note that SOC computed with (2), also known as coulomb counting, is used as a measure of battery energy in a scale of 0-100%. The open-circuit voltage and the equivalent series resistance R eq both depend on the computed SOC values as described in Fig. 3 . The terminal voltage V bt is important to determine when to switch from CC to CV charging. Here, when V bt reaches 4.0 V, the charge cycle switches to CV charging. The battery cells are assumed to be equally charged with proper equalization by the battery management system.
III. DISTRIBUTED SMART CHARGING ALGORITHM

A. Optimal Charging Control
We start by finding the optimal charging profiles of PEVs to provide a basis for assessing the performance of the developed algorithm. Optimality criterion is a flat aggregated (base and PEV charging) load profile. However, it is not always achievable because the grid load and PEV mobility data are stochastic in nature, and this limits the flexibility in PEV charging control. Considering a forecasted based load and PEV mobility data, a preferred operating point (POP) can be determined. Then, the objective becomes to track this POP value. Thus, PEV charging procedure can be formulated as an optimal charging control problem whose objective is to minimize the MSE between the aggregated load profile and the predefined POP value.
Let us consider a 24 h time horizon divided into a T number of time slots of 1 min each. Let P ch,i = {P ch,i (1)... P ch,i (T )} denote the charging profile of the i th PEV, and n be the number of PEVs. P base (t) and P ch,i (t) denote the grid base load and charging profile of the i th PEV at time t, respectively. t arr,i and t dept,i are the arrival and departure times of the i th PEV, and t s,i and t e,i are the beginning and end of the charging period for the i th PEV, respectively. The objective function can be expressed as follows:
Equation (3) always seeks optimal charging rates as PEVs connect to the grid, while the constraints must be satisfied simultaneously. Minimizing the MSE aims to have an aggregated load profile tracking the POP, which in turn, results in a valley-filling behavior. The first constraint states that the charging power is between a minimum and maximum rated value in compliance with the standards IEC 61851/ SAE J1772 [9] , [10] . The second constraint ensures the charging operation takes places within the start and end charging times. The last constraint ensures every PEV has 100% SOC at departure time.
The optimization problem is solved in a decentralized fashion. That is, the optimal charging profile of each PEV is locally found by the custom solution of (3) at the time the PEV is first pluggedin. Then, the PEV sends its charging profile back to the grid, and the operator updates the grid load profile. The PEVs do not necessarily update their charging profiles as new PEVs connect to the grid. However, the computational intensity of the iterative algorithm in finding the optimal solution makes it impractical for real-time implementation. Also, the optimal solution requires the design of EVSEs with fast signal processing units which would increase the upfront cost.
In this study, we propose a distributed control strategy which significantly reduces the computational load and makes the management of the charging control more practical for field implementation. The proposed strategy consists of two stages, namely, offline and real-time processing, as described in Fig. 4 . During the offline process, a POP value is determined based on the forecasted base load and mobility data. In the second phase, a real-time operation is carried out when each PEV is connected to the grid as follows:
1) The grid operator sends the valley power profile based on forecasted load and actual mobility data to i th PEV connected to the grid; 2) the PEV independently determines its own charging profile depending on the valley energy, its SOC, and morning departure time, and then sends it to the grid operator; 3) the grid operator updates valley power and sends it to (i + 1)th PEV connected to the grid. The algorithm repeats the second and third steps whenever a new PEV is connected to the grid.
B. Proposed Distributed Charging Control 1) Offline Operation:
This stage aims to find a good POP value for the grid when the PEVs are included in the scenario. In the online process, the POP value will be used to define the valley energy, and charging power of each PEV will be determined such that the PEVs all together fill the valley. The total number of PEVs in the region, their types (makes/models), and their mobility parameters are assumed to be well estimated within an error percentage. Also, it is assumed that the load profile is forecasted with a reasonable accuracy (within an error) based on statistical analysis of historical data [27] [28] [29] . The prediction methods employed for these forecasting events are not addressed in this study.
First, a mobility dataset (daily distances taken, home arrival, and departure times) is generated based on the predetermined Gaussian characteristics defined in Section II. Then, by considering the battery capacities of each PEV and the distances taken, required energy for an SOC level of 100% is computed. As a final step, total required energy is compared to the current valley energy and the POP value is updated accordingly until a convergence criterion is satisfied. The offline process is summarized in Algorithm 1. 
where
and t arr,1 is the time the first PEV arrives home, and t dept,ave is the average of the departure times of all PEVs. Among possible different boundary selections for the limits of integral in (4), t arr,1 and t dept,ave are selected as they gave the best performance in minimizing the variance of the aggregated load. To have a good representation of a global POP value, the above procedure is repeated 100 times, and the mean of the results is fed to the online process as the final POP value.
2) Online Operation: Once a good estimate for the POP value is determined, the only information to be transferred to PEVs to determine the charging profile for each PEV is the P valley (t) which is calculated using (5). To determine the charging power of a PEV at time t, the valley energy for that PEV is defined first
Note that the limits of the integral in (6) are different than the ones in (4) and set to the exact arrival and departure times of the i th PEV. Then, a multiplication factor α(t) is computed as
where E rated,i is the rated battery capacity of the i th PEV. Finally, the charging power for the i th PEV at time t is
In this study, the charging control signals for each PEV are compliant with the IEC 61851/SAE J1772 standards which impose that the charging current has to be at least 6 A [9] , [10] . For this purpose, if P ch,i in the above equation results in a value below the possible minimum charging power (1.38 kW at 230 V), then it is updated as indicated in (9) . Further, the charging power is also checked against the on-board rated charging power listed in Table I .
At the end of time t, SOC i (t) is updated accordingly and the above procedure is repeated between (7) and (9) to find the charging power for the same vehicle at time t + 1. Having determined P ch,i (t) for the whole time period when the i th PEV is parked, this information is sent back to the grid, and P valley (t) is updated. That is,
The charging power for subsequent PEV connected to the grid is determined based on this new value of the valley power. Note that the updated valley power is set to zero for those time instances where it takes negative values. This, in turn, prevents P ch,i (t) from taking negative values.
This control approach has several advantages in terms of computational complexity, communication overhead, and practicability for real-time applications. Since the charging calculations are distributed to EVSEs, and the charging profile for each PEV is determined in a noniterative manner, the communication overhead is decreased. It is calculated only once when the PEV connects to the grid, and does not need to be updated depending on the other PEVs arriving later. From PEV user privacy perspective, the control approach preserves user private data since PEVs report only charging profiles and do not share user-specific vehicle/departure time information. The solutions of the charging profile expressions do not require extensive calculations. The charging expressions can be easily solved by an embedded system in each EVSE which are further described in experimental study in Section V. Therefore, the control approach is quite appropriate for field implementation.
IV. CASE STUDIES AND TEST RESULTS
A. Case Studies on a Residential Distribution Network
Case studies are developed using a part of a large distribution network in a metropolitan city [26] . A three-phase distribution transformer of 34.5/0.4 kV, 1000 kVA, with 985 residential customers are used. The daily average active power profile during four months are shown in Fig. 5 . It is important to note that the most common heating method in the selected area is burning natural gas (NG) which considerably decreases power consumption. Also, the 1 h time difference for the start of peak-loading between Sept-Oct and Nov-Dec is due to daylight savings time. Among the available months, November is chosen as the forecasted daily power consumption. respectively. The proof of concept is demonstrated for the PEV penetration level of 10%. This corresponds roughly to 100 vehicles for 985 customers in the neighborhood assuming each household owns one vehicle.
In order to evaluate and compare the operation results, variance is used as the base metric. Minimizing the variance shows how well the algorithm smooths the aggregated load profile helping for the better utilization of the power generation assets. The variance is calculated as follows: 
and μ = 1 t dept,ave − t arr,ave t d e p t , a v e t=t a r r , a v e P base (t) + n i=1 P ch,i (t) (13) where P ch,i (t) is the charging load (kW) of the i th PEV at time t. The calculations are done in 1-min intervals during the time horizon when vehicles are parked and grid connected at home. The average arrival and departure times of the vehicle set are t arr,ave =7:55 P.M. and t dept,ave =7:47 A.M. As a second measure, MSE can also be used. It is a measure of how close the aggregated loading profile is to the expected charge reference (POP value). This metric can be used when a PEV aggregator promises to provide a load consumption service to the utility grid in a predefined time interval, i.e., t 1 =1:00 A.M. to t 2 =7:47 A.M. The MSE is computed as follows:
We first compare the smart charging algorithm with the optimal solution. The optimal solution is obtained in MATLAB using the convex optimization toolbox CVX [30] . The simulations are run for 100 times to cover a considerable number of scenarios and to evaluate the performance of the algorithms. The presented figures show the averaged results among 100 simulation runs. Fig. 6 presents the behavior of the proposed and optimal algorithms on the distribution network for 10% PEV penetration. Both algorithms can track the POP during the charging time interval, and can provide a satisfactory valley-filling performance. Charging loads are successfully shifted toward off-peak hours such that peak loading of the transformer is not increased. The change in SOC during charging is shown in Fig. 7 for every PEV. All PEVs end up with more than 95% SOC at departure time. The proposed algorithm falls short of providing exactly 100% SOC to all PEVs. However, it is achieved by the optimal solution.
The MSE and variance values obtained by each algorithm are reported in Table II . Compared to standard charging, the optimal and proposed algorithms reduce the variance significantly. The optimal solution returns the best overall utilization of the generation sources without causing high demand charging loads for the utility operator while the standard charging returns the worst utilization of the assets. The proposed algorithm gives a near-optimal solution. It produces an MSE rate close to that of the optimal solution. The optimal solution gives the lowest MSE and variance values, but it is impractical in field implementation due to the computational intensity of its algorithm. Overall, the proposed control algorithm handles EVGI impact on the distribution network successfully and provides a smooth and constant loading profile by determining a corresponding charging reference to be followed by the PEVs.
B. Case Studies on Upstream Network
This case study is used to assess the performance of the proposed charging algorithm on the upstream network with a high PEV penetration rate (i.e., 50%). The load profiles and PEV penetration rate in this case study are also selected on purpose to compare the performance of our algorithm with the distributed charging algorithm proposed by Binetti et al. [11] . For this comparison, the daily average residential loading composed of 10 000 houses in the Southern California Edison area is considered as the base load profile. The load profiles in summer [31] and winter [32] seasons are used separately since the peak/off-peak demand and timing differ in each case. The average number of PEVs per household is taken as 1.86 based on [33] . Thus, the corresponding number of PEVs for 50% PEV penetration rate is 9300 [11] . PEV mobility data are assumed to follow a Gaussian characteristic. The mean and standard deviations for plug-in, plug-off times, and SOC level distributions are (17h00, 2h00), (07h00, 1h00), and (50%, 10%), respectively, as reported in [11] . The desired departure SOC is set to 80% as in [11] .
The resulting diagrams for the proposed algorithm on the summer and winter load profiles with 50% PEV penetration rate are shown in Figs. 8-9 , respectively. As illustrated in Fig. 8 , the smart charging algorithm achieves a very good valley-filling performance with a low variance value. The algorithm reduces the variance of the base load profile more than three times, and does not increase the peak load. The peak value of the aggregated load profile has decreased almost by 60% compared to standard charging case given in Table III . Moreover, the charging algorithm achieved a reduced variance value compared to standard charging case in winter load profile case as shown in Fig. 9 . In the same load profile, the peak value of the base load profile slightly increased. In fact, this peak value is unavoidable since the valley energy is not sufficient to charge the PEVs fully. However, the achieved peak value is very much less than that of standard charging case. Therefore, the performance of the algorithm can also be assessed as satisfactory on the winter load profile with high penetration case (50%). Table III presents a comparison of the proposed algorithm with standard and state-of-the-art distributed charging algorithms presented in [11] . The proposed charging algorithm outperforms the charging algorithm presented in [11] in terms of variance and peak value of the aggregated load profile. The algorithm reduced the variance by approximately 30% compared to the values reported in [11] for both summer and winter load profiles. Also, the achieved peak value for winter load profile is 5% lower than the result reported in [11] .
C. Impact of Possible Error Sources
In this section, we evaluated the performance of the proposed algorithm when there are forecasting errors on the case study discussed in Section IV-A. The following possible errors have been considered as baseline error analysis: 1) Mobility parameters: PEVs arrive/leave home according to Gaussian distributions whose means are shifted by 5 min compared to the models built from the historical data. In addition, the mean of the actual daily distance distribution is assumed to be 5 km less than the expected. 2) Number of PEVs: There are ten less PEVs than estimated yielding a 10% error in the total number of EVs. 3) Transformer Base Loading: Actual loading is not assumed to be exactly the same as the forecast. In this analysis, the POP value is determined using the assumed models of the mobility parameters and forecasted grid load profile, while the algorithm is run with the actual parameters. Fig. 10(a) illustrates the actual and forecasted loads. The forecasted load refers to the mean of base loading at the first five weekdays of November, and the actual loading refers to the loading at the sixth weekday of November. The result of the proposed algorithm for this case is shown in Fig. 10(b) . The algorithm can approximately track the POP value even when there are forecasting errors in the grid base load profile.
The performance summary of the algorithm when abovementioned forecasting errors are considered is presented in Table IV . Here, the same time intervals given in Table II are used to compute MSE and variance. The first row in Table IV refers to the case where all the assumptions are perfect. Among all of the distinct error types, the deviation in number of PEVs returns the worst POP tracking performance. Base load forecasting error yields the most deviation in resulting departure SOC. In the meantime, more than 95% SOC at departure time are acquired under all forecasting error cases. As a result, the proposed charging algorithm also works well when there are forecasting errors within certain limits.
V. PEV TEST IMPLEMENTATION
To demonstrate the unidirectional smart charging coordination capability, a BMW i3 EV is tested using a commercial-ofthe-shelf Voltrun EVSE as shown in Fig. 11 [34] . The EVSE has single-phase 7.4-kVA and three-phase 22-kVA power transfer capability, i.e., mode 2 charging according to IEC 61851. BMW i3 is connected to grid via Voltrun EVSE utilizing IEC 61851 compatible Type 2 charging plug. This standard imposes seven connections, with five of them being power lines (L1-L2-L3-N-GND) and two of them being CP and proximity detection pins which are shown in Fig. 11 . The unidirectional control is realized using the low-level controlling option utilizing the CP pin of the charging plug, and by modifying the duty cycle of the CP as defined in (1) . Since BMW i3 has a single-phase on-board charger, it only uses L1-N lines of the charging plug.
The system power and communication architecture is shown in Fig. 12 in detail. Supply equipment communication controller (SECC) in Voltrun EVSE communicates once with the smart grid controller (i.e., a laptop computer) when the vehicle is first plugged-in. At this time, it receives the P valley (t) information from the grid controller and computes its charging profile according to (6)- (9) . Then, it stores this information in EVSE microcontroller unit, and sends back the computed distributed charging profile P ch,i to the utility grid. This information stored in SECC constitutes the total charging profile of the vehicle till its departure. Later, SECC communicates the stored charging profile with the electric vehicle communication controller (EVCC) through CP pin as shown in Fig. 12 real time. EVCC controls the on-board charger to track the desired charging profile via in-vehicle CAN bus system. Fig. 13 shows a snapshot for the implementation of the proposed algorithm using a BMW i3 and Voltrun EVSE. It shows the charging ac voltage and current signals during two different charging cases: 16 A and 32 A charging. During the test cases, the single-phase grid voltage is measured to be around 228 V with a grid frequency of 50 Hz. The related D value for the above operating points are 26.7% and 53.3%. Fig. 13(a) shows the response of the on-board charger for 16 A charging command from the EVSE. The EV draws 15.8 A rms with 3.617-kW charging power consumption. The response time of the EV is less than 1 s once the comment is sent from the EVSE. Fig. 13(b) shows the response of the on-board charger for 32-A max rms charging command. In this case, the EV draws 31 A with 7.092-kW charging power. The response time of the EVSE has shown that the algorithm can be implemented on site easily with minimal data transfer requirement.
VI. CONCLUSION
A distributed smart charging strategy to smooth the load profile has been presented in this paper. PEV user convenience and practicability in real-time applications have also been addressed in the algorithm. Proposed charging strategy has been tested on different loading data in distribution and upstream networks with heuristic charging scenarios and different PEV penetration levels. The effectiveness of the charging strategy has also been demonstrated by comparing with the optimal solution and other state-of-the-art techniques. It is shown that the proposed charging strategy reduces the peak loading from aggregated PEV charging and achieves a significant valley-filling performance independent of the load profile and PEV mobility characteristics.
